Introduction
Instructional practice is the proximal cause of students' academic learning. Identifying effective instructional interventions has therefore been a central aim of educational research and one that has attracted especially widespread interest
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recently (Cohen, Raudenbush, & Ball, 2003) . Causal-comparative studies of instruction tend to be bounded by a single academic year. Although understanding instructional effects during a single year is necessary, it is essential to understand how sequences of instruction extending over 2 or more years cumulatively affect learning. The effect of a multiyear sequence of instructional experiences cannot logically be equated to the sum of the effects of instruction occurring each year. For example, if the instruction in a later year builds effectively on students' instructional experiences in the earlier years, the benefit of the sequence may substantially exceed the sum of the yearly effects.
Our aim in this article is to adapt causal inference concepts and methods based on potential outcomes (Holland, 1986; Neyman, 1923 Neyman, /1990 Rubin, 1978;  see also Haavelmo, 1943; Heckman, 2005) to the nonexperimental study of time-varying instructional treatments. For illustration, we estimate the causal effect of a sequence of intensive math instructional treatments on student learning in Grades 4 and 5. Data are from the Longitudinal Evaluation of School Change and Performance (LESCP). The novel treatment exposes children to instruction that emphasizes comparatively high-level content and devotes substantial classroom time to mathematics. We ask: (a) What is the effect of intensive math instruction in Grade 4 on Grade 4 outcome? (b) What is the effect of this treatment in Grade 4 alone on Grade 5 outcome? (c) What is the effect of intensive math instruction in Grade 5 alone on Grade 5 outcome? (d) Does experiencing intensive math instruction again in Grade 5 enhance the effect of intensive math instruction received in Grade 4?
The case study provides a typical example for evaluating multiyear instructional sequences, posing three characteristic methodological challenges.
1. Complex multilevel structure. Longitudinal studies of classroom treatments are complicated by the reassignment of students to teachers and classes at the beginning of each year. As a result, repeated assessments of students are crossclassified by teachers who are in turn typically nested within schools. Model specification and statistical adjustment pose tricky problems in the context of this complex data structure. We develop a four-way hierarchical linear model to be analyzed via pseudolikelihood estimation.
2. Violation of stable unit treatment value assumption. In causal comparative studies, it is common to assume that each participant has a single potential outcome under each treatment. This is the stable unit treatment value assumption (SUTVA), articulated by Rubin (1986) . SUTVA requires that a participant's potential outcome under a given treatment should not depend on the treatment assignment of other participants and that the causal effect of a treatment should not depend on the assignment mechanism. In our application, a teacher delivers intensive math instruction to a class of students within a year. Hence, a child's learning outcome may depend on the teacher and classmates as well as the school context during that year. A child's learning outcome may also depend on the Hong and Raudenbush teachers and classmates that the child has encountered in the previous years, generating, in principle, a vast number of potential outcomes per student per treatment. To cope with this problem, we propose a weaker form of SUTVA that allows potential outcomes to depend on current and past school and class assignments. We offer a rationale for this approach based on theory and empirical evidence.
3. Time-invariant and time-varying confounding. The assignment of a class to receive intensive math instruction may depend on a host of factors including school and teacher characteristics, class composition of student demographic characteristics, their instructional histories, and past learning outcomes. Standard methods of adjustment, though sufficient for removing observed time-invariant confounding, can lead to bias in the presence of time-varying confounders, defined as covariates that are outcomes of prior treatments but also predictors of later treatment assignments. To cope with this problem, we adapt inverse probability of treatment weighting (IPTW) as developed by Robins (2000) to complex multilevel data.
In Section 2 we present our theoretical approach to defining the potential outcomes, causal effects, and causal estimands under a relaxed version of SUTVA. Section 3 embeds the potential outcomes and causal effects in a growth model for children who are moving across classrooms that are in turn nested within schools. Section 4 defines the model for the observed data. Section 5 provides a rationale for IPTW to remove observed confounding in the multilevel context and describes our pseudolikelihood approach to estimation. Section 6 applies the model and the adjustment method to the case study data. Section 7 revisits key assumptions made in case study and highlights some unsolved methodological issues.
Defining Potential Outcomes and Causal Effects of Instruction

Single-Year Treatments
We first consider the potential outcomes causal framework in its general form for a single-year study. Let z = 1 denote intensive math instruction and z = 0 for conventional instruction. Formally, with N units in the population, we have the 1 by N vector of possible treatment assignments, z = (z 1 , z 2 , . . . , z N ). Unless we impose constraints, student i's potential outcome Y i (z) may depend on the treatment assignments for all the N units. Hence the general causal estimand takes the form E½YðzÞ − Yðz 0 Þ, where z and z 0 are alternative treatment assignment vectors. Under this setup, student i's potential outcome under each treatment can be affected by a shift in the treatment assignment of any other student. Without further simplification, causal inference becomes intractable. So our first challenge is to place sensible constraints on the potential outcomes.
SUTVA has been invoked in the past to simplify the causal effect of interest by stipulating that Y i (z) = Y i (z i ). When applied to school settings, this strong Time-Varying Instructional Treatments assumption ignores the interactions between teacher and students in a class and therefore fails to reflect the nature of instruction and its effect on student learning. Recent work has extended Rubin's causal model by invoking weaker and relatively more plausible assumptions that support causal inference in multilevel settings in a single time period (Gitelman, 2005; Hong & Raudenbush, 2006; Sobel, 2006) .
Our current study is focused on instructional treatments assigned to classes within schools. Following Hong and Raudenbush (2006) , we adopt a weaker form of SUTVA appropriate to the school setting. We assume that generalization of causal inferences is restricted to current school assignments (i.e., intact schools) and that there is no interference between schools. In addition, when the class-level treatment is given, a child's learning outcome depends mainly on the teacher and classmates that the child directly encounters and is unlikely affected by teachers and students in other classes. Hence, it seems reasonable to assume no interference between classes within an intact school. Under these assumptions, we have the generic potential outcome for student i attending classroom j in school k as Y ijk ðz jk ). In words, a student's potential outcome value is assumed stable given the school assignment and class assignment and given the treatment assigned to the class. We are interested in causal effects having the form Y ijk (1) − Y ijk (0), holding constant the class and school attended. We are not interested, for example, in causal effects of the form
Multiyear Sequences of Treatments
Let us now consider the causal effects of a 2-year sequence of instructional treatments. The logic can easily be extended to treatments over more than 2 years. A student's learning outcome depends not only on the current year's instructional treatment but also on the treatments received in the earlier years. In our current study, in addition to assuming intact schools and no interference between schools, we also assume that a student's potential outcome values associated with a treatment sequence can be affected only by the sequence of teachers and classmates that the student has directly encountered. In the discussion section, we consider conditions under which such an assumption may become unreasonable.
Instructional treatments over several years might be prescribed as a mandatory sequence regardless of students' intermediate status. This would happen, for example, if Year 1 and Year 2 teachers were to follow a standard curriculum. In an alternative scenario, teachers in a school may follow a common set of dynamic rules in assigning instructional treatments given students' current cognitive status. For example, one might assign all students scoring above a cutoff point on a test to receive intensive math instruction while those scoring below that cutoff point would receive conventional math instruction.
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However, schooling in the United States has been characterized as a ''loosely coupled system'' (Weick, 1976) in which elementary school teachers in particular have considerable autonomy in determining the pace and difficulty level of instruction. Moreover, analysis of our data suggests considerable uncertainty in predicting which classes will receive intensive math instruction given past test scores, past treatments, and other background characteristics of students. In particular, given that future treatment assignment is not strongly predicted by past observable outcomes, we reason that instructional assignments reflected in our data are neither prescribed nor entirely dynamically adaptive and that all different combinations of Year 1 and Year 2 treatments are possible for most students.
Potential Outcomes and Causal Effects
We formalize the treatment assignment process in a 2-year study as follows.
Year 1. In the fall of Year 1 of the study, student i attending school k, having been assigned to teacher j 0 k in the previous year, is now assigned to teacher j 1 k who decides whether to adopt intensive math instruction (z ij 1 k = 1) or nonintensive math instruction (z ij 1 k = 0). The teacher's decision can be influenced by teacher, school, and child characteristics captured in the covariate vector X 1j 1 k and by her students' past math achievement Y 0j 1 k . The conditional probability that the teacher will adopt the intensive instruction is a function hðz 1j 1 k = 1|X 1j 1 k , Y 0j 1 k Þ = h 1j 1 k of the aforementioned factors. This process generates for each student two potential outcomes Y 1ij 0 j 1 k (z 1j 1 k ) for z 1j 1 k ∈ f0, 1g. The difference between these is the child-specific causal effect
defines the average causal effect of intensive math instruction in Year 1 on Year 1 outcome, which answers our first causal question.
Year 2. In the fall of Year 2 of the study, student i attending school k is now assigned to teacher j 2 k. The Year 2 teacher may observe not only past covariates X 1j 2 k but also a vector of time-varying covariates X 2j 2 k in addition to the past treatment experiences Z 1j 2 k and past achievement records Y 0j 2 k and Y 1j 2 k of all her students. She therefore selects intensive math instruction for her class with probability
. This process generates for child i in her class four potential outcomes having the form
f g. Three child-specific causal effects of interest to us are 
Embedding the Causal Effects in a Four-Way Hierarchical Linear Model
Value-Added Model
In the current study, repeated assessments of students are cross-classified by children and teachers who are in turn nested within schools. We therefore formulate a value-added model that reflects classroom contributions to student growth (Raudenbush & Bryk, 2002, chapter 12, example 2) . Suppose that over the 3 study years, student i in school k encountering typical classmates and teachers would display a linear growth trajectory. Indeed, extensive exploratory analysis of our data yielded no evidence against this assumption. However, this person-specific straight-line trajectory can be deflected by experiences in classrooms j 0 k during the pretreatment year, j 1 k during the first treatment year, and j 2 k during the second treatment year. We represent these deflections with additive random teacher/class effects v j 0 k , v j 1 k , and v j 2 k assumed to be cumulative (see McCaffrey, Lockwood, Koretz, Louis, & Hamilton, 2004 , for a discussion of the cumulative effects assumption). Thus, the value-added model in the absence of specific intervention effects is
for t = 0, 1, 2 in the current study. Here b 0ik is the child's status at t = 1, b 1ik is the child's growth rate, and e tik is a random error assumed independently and identically distributed as N(0, s 2 ). The child-specific intercepts and growth rates may vary within and between schools as a function of school random effects u 0k , u 1k and child random effects r 0ik , r 1ik :
, where ω and τ are positive-definite 2 by 2 covariance matrices. We assume u k , r ik , and e tik to be mutually independent.
Causal Effects of Interventions in a Value-Added Model
We are interested in the impact of a 2-year sequence of instructional interventions. At the end of Year 0, no treatment has been implemented, so we write
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During the treatment years, the random effects associated with teachers and students may depend on treatment assignments. The model for the two potential outcomes in Year 1 is
for z 1j 1 k = 0, 1, and the model for the four Year 2 potential outcomes is
for z 1j 1 k = 0, 1 and z 2j 2 k = 0, 1. For simplicity, the teacher-specific and studentspecific increments are assumed additive. The random effects
Þ are assumed to have zero means. To facilitate statistical inference, we impose further distributional assumptions about these random effects in the next section.
Model for the Observed Data
Selection of the Observed Data From the Potential Outcomes
In defining the model for a specific child, we will omit subscripts i, j 0 , j 1 , j 2 , and k. For example, we will use z 1 to represent z 1j 1 k and use y 2 for y 2ij 0 j 1 j 2 k . For each student, we can observe only one potential outcome in each year. Equation 3 defines the Year 0 outcome. In the following years, the observed outcome depends on treatment assignment. We write the observed Year 1 outcome as a function of the random variable Z 1 that can take on values z 1 ∈ f0, 1g:
where v 1 = Z 1 v 1 ð1Þ + ð1 − Z 1 Þv 1 ð0Þ and e 1 = Z 1 e 1 ð1Þ + ð1 − Z 1 Þe 1 ð0). In Year 2, we observe:
where v 2 =Z 2 v 2 ð1Þ+ð1−Z 2 Þv 2 ð0) and 
Mixed Model Formulation
The observed outcomes specified by Equations 3, 6, and 7 can be collected in the form of a four-way hierarchical linear model: Or, we express the model in matrix terms, bringing back subscripts for child i in school k,
where Y ik is a 3 by 1 vector of observed outcomes, A Fik is a 3 by 6 fixed effects design matrix, θ F is a 6 by 1 vector of fixed effects, A vik is a 3 by 3 design matrix for teacher random effects, v k is a 3 by 1 vector of teacher random effects, A uik is a 3 by 2 design matrix for school random effects, u k is a 2 by 1 vector of school random effects ; A rik is a 3 by 2 design matrix for child random effects, r ik is a 2 by 1 vector of child random effects, and ε ik is a 3 by 1 vector of time-specific random errors. Stacking person-specific models (Equation 8) formulates a school-level model
where
The assumption that v k and ε k have zero means is valid when treatment assignments are independent of potential outcomes (see text following
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Equation 7
). The matrix A vk has a special form that links students to the teachers they have encountered. Let T ik be the number of time-series observations recorded for student i in school k. Let J k denote the number of teachers in school
T ik by J k . Each of its elements is an indicator taking on a value of unity if student i has ever encountered teacher j by time t.
Remark. We maintain the assumption here that the teacher and student random effects have homogenous variance, keeping in mind that heterogeneity may be of interest substantively, especially as it reflects differential effects of treatment on teacher and student random effects, and that a failure of the homogeneity assumption may distort standard error estimates. To reduce this risk, we develop Huber-White robust standard errors (see Appendix B) that account for both heteroscadasticity and clustering at the school level.
Model 9 can in turn be regarded as a special case of the general mixed model
This general form is useful in derivations and general proofs, as illustrated in the next section.
Endogeneity and IPTW for Multilevel Settings
Sequential Strong Ignorability
Estimation of Equation 10 by conventional means would yield unbiased estimates of the causal effects defined earlier if the sequences of treatments Z 1 and Z 2 were assigned at random to classrooms within schools. When the data are nonexperimental, causal inferences may nonetheless be possible if the assumption of sequential strong ignorability holds. Under this assumption, treatment assignment in each year is independent of all the future potential outcomes given past observables. In our example, for the Year 1 treatment,
Time-Varying Instructional Treatments
For the Year 2 treatment, we have that
The Problem of Statistical Adjustment
Under strong ignorability, the estimation of d 1 does not pose a problem using standard methods of statistical adjustment. That is, pooling the association between Z 1 and Y 1 within levels of 
Although this estimand may be of scientific interest, it does not correspond to our goal of separating the effect of receiving Year 1 treatment alone (that is, d 21 ) from the amplifying effect of receiving the treatment both years (that is, d * ). To achieve this separation, one might be tempted to estimate the association between Z 1 and Y 2 within levels of h 1 separately for Z 2 = 0 and Z 2 = 1. However, this approach of conditioning on Z 2 , itself an intermediate outcome of Z 1 , Y 1 , and X 2 , would bias the estimate of the effect of Z 1 (alone or interaction with Z 2 ) on Y 2 (Rosenbaum, 1984) .
Conditional effects of Z 2 on Y 2 . We might use conventional methods to estimate the association between Z 2 and Y 2 pooled within levels of h 2 = Pr (Z 2 = 1| X 1 , X 2 , Y 0 , Y 1 , Z 1 ) for units assigned to Z 1 = 0: Under strong ignorability Z 2 ? Y 2 ðz 1 , z 2 Þ|h 2 , this estimates
However, 
as the association between Z 2 and Y 2 pooled within levels of h 2 for units assigned to Z 1 = 1: However, this quantity would not in general be equivalent to d 22 + d * except when the treatment effect is constant for all units.
One may notice that when d * = 0, conventional methods may generate an unbiased estimate of d 21 , which becomes equal to the average effect of Z 1 on Y 2 . Also, one may obtain an unbiased estimate of d 22 as a weighted average of the conditional effects of Z 2 on Y 2 for units assigned to Z 1 = 0 and for those assigned to Z 1 = 1 weighted by the proportion of units in each z 1 group. However, to proceed with analyzing a main effects model would require empirical evidence indicating that the effect of having a second-year treatment does not depend on the previous year's treatment assignment.
Inverse Probability of Treatment Weighting
The IPTW method proposed by Robins and his colleagues (Robins, Greenland, & Hu, 1999; Robins, Hernán, & Brumback, 2000) provides a viable solution to the endogeneity problem in single-level nonexperimental settings. The weighted estimates are consistent for the marginal treatment effects of interest given sequential strongly ignorable treatment assignment with no need to assume constant treatment effects. Robins (2000) showed that in single-level settings, a weight that is inversely proportional to the probability of one's assigned treatment sequence creates a pseudosample that approximates data from a sequential randomized experiment. In essence, the expected value of the weighted score function for the nonexperimental data is equivalent to the unweighted score function in a randomized study. By solving the weighted score equation, we obtain consistent estimates of the causal effects of time-varying treatments on time-varying outcomes. Once the treatment groups have been equated through weighting, there is no need for direct conditioning on the time-varying covariates in the outcome models. In principle, this solves the dilemma left unresolved by conditional statistical adjustment through linear regression or propensity stratification.
To see why and how the IPTW method applies to multilevel educational data, consider now the case in which student i or the class student i attends in school k is assigned at random to treatments z 1 at Time 1, z 2 at Time 2, . . . , and z T at Time T. Treatment assignment at Time t is a random variable Z tik taking on values z tik ∈ 0, 1 f g, t = 1, . . . , T. The entire vector of treatment assignments Z ik = ðZ 1ik , Z 2ik , . . . , Z Tik Þ T takes on values z ik = ðz 1ik , z 2ik , . . . , z Tik Þ T . Sequential strong ignorability implies that treatment assignment at Time t is independent of all potential outcomes given the past observables:
where y z is the vector of potential outcomes over all time points; z is the support for Z; h(z|x, y z )is the joint probability of the entire sequence of treatment assignments given all covariates and potential outcomes.
Definition. Consider the general model (Equation 10
) for the observed outcomes. We regard (Y, θ R ) to be the augmented data as contrasted with the observed data Y. The ''augmented data score'' S ADtik is the score for child i in school k at time t where the data include the observed data Y as well as the unobserved random effects θ R :
where ϕ = θ Theorem. In a nonrandomized study with sequential strongly ignorable treatment assignment (Equation 12), given variance components s 2 , O, solution to the weighted estimating equation
jointly for θ F and θ R will ensure consistent estimation of θ F . Here n k is the number of children in school k. We define the weight to be
Our proof (see Appendix A) follows Robins (2000) for single-level data and extends the logic to multilevel models that require solving for the augmenteddata score rather than simply solving for the observed data score. Under randomization, the conditional expectation of the augmented data score taken over the joint distribution of z, x, and y z is zero. We reveal the exact structure of the needed weight (Equation 15) for multilevel nonexperimental data when the sequential treatment assignments are strongly ignorable.
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Estimation via Maximum Pseudolikelihood for Hierarchical Linear Models
Application of our theorem (Equations 14 and 15) assumes knowledge of covariance components s 2 and O. The results will hold if we substitute consistent estimates of s 2 and O into the solution of the estimating equations (Equation 14) . To optimize efficiency, we adopt a maximum pseudolikelihood approach in the spirit of Pfefferman, Skinner, Homes, Goldstein, and Rasbash (1998) . Using this approach, we maximize
where L w (θ F , s 2 ; O; Y) is the weighted marginal likelihood of Y (i.e., integrating out the random effects), f w (Y k |θ F , θ Rk , s 2 ) is the weighted conditional likelihood of Y k given the random effects for school k, and p w (θ Rk |O) is the weighted marginal density of the random effects as defined in (10) for school k. The results, derived in Appendix B, yield point estimates of the fixed effectŝ
with model-based standard errors equal to the square roots of the diagonal elements of
, and W k = diagfw tik g: The robust standard errors are the diagonal elements of
Case Study
Data
Data for this study were collected by the U.S. Department of Education's Planning and Evaluation Service for the Longitudinal Evaluation of School Change and Performance in 1997 , and 1999 (Westat, 2001 . LESCP drew Time-Varying Instructional Treatments its sample from 67 Title I schools located in 18 school districts in seven states. Our sample includes a longitudinal cohort of 4,216 students who progressed from Grade 3 to Grade 5 during the 3 study years. We use as a measure of students' math learning the Stanford Achievement Test 9 administered at the end of each year. Test scores in different years have been equated on the same scale so that we can assess the learning growth over years. We present in Table 1 the descriptive information of all the student, teacher, and school measures. Table 2 shows mean math achievement by missing data pattern over the three grade levels.
We construct a binary treatment variable (Z) for each grade level, with Z = 1 indicating a teacher's use of intensive math instruction characterized by emphasis on both instructional time and content difficulty and Z = 0 otherwise (see Raudenbush, Hong, & Rowan, 2002, for details) . Among the 147 Grade 4 teachers, 36 of them provided intensive math instruction to their students. In Grade 5, 58 out of 147 teachers adopted the intensive math instruction in their classrooms. About 15% of the students received intensive math instruction in both Grade 4 and Grade 5, 8% of them had the treatment in Grade 4 only, 32% of them had it in Grade 5 only, and 45% of them had this treatment in neither of the 2 years.
Statistical Adjustment Procedure
Following Equation 15, we construct a weight w tik for child i in school k in year t. Here t = 0, 1, 2 correspond to Grades 3, 4, and 5. Weights in Grade 3 are 1.0. To estimate the weights in Grade 4 and Grade 5, we compute for each classroom in each year the predicted probability of intensive math instruction given the past observed covariates, treatments, and outcomes. Predictors of the Grade 4 treatment include Grade 4 classroom-aggregated student background characteristics, Grade 3 instructional experiences, Grade 3 math test scores, and prior school and teacher characteristics. Predictors of the Grade 5 treatment include Grade 5 classroom aggregates of student background characteristics, the proportion of students who received intensive math instruction in Grade 4, average Grade 4 math test score, and teacher and school characteristics. These propensity models are estimated at the classroom level with logistic regression. We use missing indicators to represent the missing information in the predictors. Table 3 lists the results of Grade 4 and Grade 5 propensity analyses. Despite the large number of covariates entered in each of these two propensity models, neither of them shows strong explanatory power. The proportion of area under the ROC curve is .83 for the Grade 4 analysis and only .79 for the Grade 5 analysis. We assess the impact of potential unmeasured confounders through sensitivity analysis.
In analyzing the causal effects of intensive math instruction, we include all the students regardless of their response pattern and construct nonresponse weights to adjust for various missing patterns (see Appendix C for details). We (Equation 10) weighted by the product of the treatment weight and the nonresponse weight. The computation requires statistical software that allows the application of weights to a four-level model in which students are cross-classified by teachers who are nested within schools. We conduct the analysis using HLM6.4. The program and users' manual are available on request from the second author.
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Causal Analysis Results
For the purpose of comparison, we present two sets of analytic results along with their robust standard errors. In both cases, growth modeling provides Hong and Raudenbush effective adjustment for the bias associated with students' pretest scores (Bryk & Weisberg, 1977) . The weighted model makes a more comprehensive adjustment for all the observed confounding variables.
Growth modeling with no weighting. We generate the first set of results by analyzing value-added model (Equation 10) with no weights (see Table 4 , panel 1). Comparing Grade 4 students attending treatment classes and those attending control classes shows a mean difference of 2.70 (SE = 3.02, t = 0:89) in Grade 4 outcome. When we compare students who had Grade 4 treatment but no Grade 5 treatment with those having treatment in neither year, we find a mean difference of 0.40 (SE = 4.55, t = 0:09) in Grade 5 outcome. Comparing Grade 5 students in treatment classes and those in control classes shows a mean difference of 7.79 (SE = 3.07, t = 2:54) in Grade 5 outcome, an effect that does not depend on Grade 4 treatment. 
Time-Varying Instructional Treatments
Growth modeling with IPTW. The second set of treatment effect estimates (Table 4 , panel 2) is produced by applying inverse probability of treatment weights to the value-added model. Our point estimate for the causal effect of Grade 4 treatment on Grade 4 outcome is positive but not significantly different from zero,d 1 = 4:80 (SE = 4.09, t = 1:17). The effect size is about a fifth of the yearly growth rate. If a student is assigned to the control condition in Grade 5, the carryover effect of Grade 4 treatment on Grade 5 outcome shows an even smaller magnitude,d 21 = 2:05 (SE = 4.85, t = 0:42). We find a positive and nearly significant effect of Grade 5 treatment on Grade 5 outcome,d 22 = 6:46 (SE = 3.35, t = 1:93), if a student has been in the control condition in Grade 4. The effect size is about a third of the yearly growth rate. There is no evidence 
Main Effects Model
Under IPTW, the point estimate of the amplifying effect d * is nonnegligible but not statistically significant. The large standard error estimate indicates that this effect has been estimated with poor precision, a result that is explainable by the comparatively small number of students experiencing intensive math instruction in Grade 4 but not 
Time-Varying Instructional Treatments
Sensitivity Analysis
For the estimates of d 1 and d 22 obtained from analyzing the main effects model, we test the sensitivity of our inferences to plausible departures from the strong ignorability assumption (Hong, 2004; Hong & Raudenbush, 2006; Lin, Psaty, & Kronmal, 1998; Rosenbaum, 1986 Rosenbaum, , 2002 . Suppose that an unobserved time-varying covariate, U t , has confounded the estimation of the Year t treatment effect on Year t outcome. The association between U t and the Year t treatment assignment Z t and its association with the Year t outcome Y t are assumed to be comparable in magnitude to the most important confounding variable observed. After adjusting for the potential hidden bias associated with U t , we obtain a new estimate of the treatment effect and its 95% confidence interval. The original inference is considered to be insensitive to important omitted confounders if additional adjustment for U t does not change the conclusion.
Among the observed covariates, Grade 4 class average pretest score shows the strongest confounding effect in estimating d 1 . We use its respective associations with the Grade 4 treatment and the Grade 4 outcome as reference values for the sensitivity parameters of U 4 . To make additional adjustment for U 4 , we subtract the product of the two sensitivity parameters from the original estimate and obtain 2.69 as a new estimate of d 1 . Adopting the same standard error as originally estimated, we find the 95% confidence interval of the new estimate of d 1 to be (−3.31, 8.69) , which would lead to a decision of retaining the null hypothesis. Therefore, a conclusion about the positive effect of the Grade 4 treatment on Grade 4 outcome could be altered if an unmeasured confounder contains an additional positive bias as severe as that of the most important confounder observed.
In estimating d 22 , we find Grade 5 class size to be the strongest observed confounder. We imagine that our weighted estimate of d 22 could have been positively biased by U 5 in an amount comparable to the confounding effect of Grade 5 class size. Once we remove the hypothetical bias associated with U 5 , our new estimate of d 22 is 8.96 and its 95% confidence interval is (1.56, 16.36). On the basis of this evidence, we conclude that our inference about the Grade 5 treatment effect on Grade 5 outcome is not highly sensitive to the omission of a confounding variable as important as the strongest observed confounder.
Conclusions
Our understanding of the impact of instruction depends ultimately on making inferences about the causal effects of sequences of instructional treatments. To study these effects, we have developed here an approach that copes with three characteristic methodological challenges. First, these effects unfold as students move across classrooms nested within schools, generating a special crossednested structure and requiring an appropriately complex mixed statistical model for analysis. Second, the potential outcomes causal framework now widely used Hong and Raudenbush in medical and social research is applicable to multiyear sequences of instruction only after careful modification of the stable unit treatment value assumption. Third, experiments that assign students to alternative multiyear sequences of instruction, though ideal for estimation of causal effects, are difficult to sustain so that inference will typically be based on nonexperimental studies that must overcome problems of endogenous treatment assignment. Our approach adapts the IPTW method to the multilevel context of schooling under a modified SUTVA. In illustrating this approach, we investigated the causal effects of intensive math instruction in Grades 4 and 5 using data from a recent evaluation of Title I. Our results suggest that intensive math instruction in Grade 5 leads to significant improvement in students' math learning in Grade 5. Here we revisit key assumptions invoked in the case study.
Intact schools and no interference between schools. Although these assumptions will often be plausible, they could be challenged if teachers from separate schools within districts collaborate closely or if children who are friends attend different schools. Moreover, if schools are closed and students are reassigned as a result of large-scale restructuring efforts in some school districts, such restructuring events will need to be modeled as either pretreatment covariates or concomitant treatments.
No indirect interference between classes within a school. We assumed that in general, a student's time-varying learning outcomes are not subject to the influence of teachers and students in other classes within the school. Therefore, a student's learning outcome in Year t is modeled as a function of the cumulative random effects of teachers/classes that the student has ever directly encountered up to and including Year t. The assumption would be violated in schools where teachers frequently exchange instructional information and share student work or where competition between classes for scarce resources limits students' learning opportunities. A possible solution is to explicitly model the fixed effects of between-class interference (Hong & Raudenbush, 2006) .
Class assignment followed by treatment assignment. We reasoned that in upper elementary math instruction, after students have been assigned to classes at the beginning of a year, schools and teachers assign instructional treatments to intact classes. Our propensity modeling at the class level was justified under this assumption. Alternatively, at the end of each year, some schools may assign individual students to instructional treatments on the basis of their current performance. Students may then be assigned to classrooms in accordance with their treatment assignments, often under organizational constraints. This would require modeling propensity at the student level rather than the class level.
Sequential strong ignorability assumption. Using inverse probability of treatment weights to adjust for measured covariates will yield consistent estimates of average treatment effects under the assumption that the treatment assignment in Time-Varying Instructional Treatments each year is independent of the potential outcomes given prior observables and that there is a nonzero probability of receiving alternative treatments for each observed covariate pattern. Multiple pretreatment and time-varying measures of covariates in this study provide a reasonably promising basis for a quasiexperimental design. Meanwhile, we conceive of treatment effects at a given grade as deflections from a child-specific growth trajectory estimable from the repeated measures of math achievement. In this way, we were able to make adjustment for pretreatment growth rates under our modeling assumptions. In addition, we considered possible consequences of having omitted important confounding variables. A sensitivity analysis suggested that our conclusion about the positive effect of intensive math instruction in Grade 5 on Grade 5 outcome would be altered only by unmeasured confounders stronger than any of the observed covariates. However, the estimated positive effect of Grade 4 treatment on Grade 4 outcome was sensitive to unmeasured confounders as strong as the class average math pretest. If any of the cross-year treatment effects (i.e., d 21 and d * ) were estimated to be statistically significant, a sensitivity analysis would require computing an inverse probability of treatment weight that incorporates the confounding effect of hypothetical unmeasured time-varying covariates.
In general, the theoretical and analytic approaches illustrated in the case study are applicable to multiyear studies of time-varying instructional treatments. Apparently, as the number of time points increases, the number of potential outcomes per student will increase exponentially. This can be dealt with by focusing on the causal effects of key scientific interest and by placing theoretical constraints on the analytic models. Examples of such constraints include a main effects model constraining interaction effects across years to be null or a cumulative treatment effects model assuming no decay of prior treatment effects on later outcomes.
Appendix A Inverse Probability of Treatment Weights for Multilevel Nonexperimental Data
Our aim is to prove that in multilevel nonexperimental data, under the assumption of sequential strongly ignorable treatment assignment, solving the weighted augmented data score function (Equation 14) with respect to θ F and θ R yields a consistent estimator of θ F . The unweighted augmented data score under randomization has expectation zero over the joint distribution of Z, X, and Y z . In the absence of randomization but under the assumption of strongly ignorable treatment assignment, the weighted augmented data score has expectation zero taken over the same joint distribution. Hence, equating this weighted score to zero and jointly solving for θ F and θ R provides consistent estimation of the causal effects of interest. However, this solution requires a consistent estimate of the covariance components s 2 and Ω, a problem we consider in Appendix B.
Hong and Raudenbush
Expected Augmented Data Score Under Randomization Definition 1. Consider the general model (Equation 10). Define the joint density of the observed data Y and the random effects θ R to be gðY, θ R |θ F , s 2 , ΩÞ = f ðY|θ F , θ R , s 2 Þpðθ R |ΩÞ,
where f (Y|θ F , θ R , s 2 ) is the density for the observed data Y ∼ N(A F θ F + A R θ R , s 2 I) and p(θ R |Ω) is the prior density for the random effect vector θ R ∼ N(0, Ω).
Definition 2. Let N k = P n k i = 1
T ik be the total number of observations in school k.
The augmented-data score for ϕ is
where ε k = Y k − A Fk θ F − A Rk θ Rk : From Equation A2 we can derive Equation 13. In a randomized experiment, conditional on s 2 and Ω, the expected augmented data score is zero. The expectation is taken over the joint distribution denoted f * (G) where G = (z, y z , x). In this section, we omit subscripts i and k for ease of presentation. Specifically, with random assignment of an individual unit to the treatment sequence z = (z 1 , z 2 , . . . , z T ),
This is because
As shown in Equation 9 and the text following it, we have that E θ R |Z t ð Þ= E θ R ð Þ= 0 and E Y t − A 
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